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Introduction
Trust is a fundamental socio-psychological construct 
characterized by positive expectations toward an agent in 
conditions of uncertainty and risk [1]. Early research on 
technological trust originated in human-computer and 
human-automation interaction, where trust was viewed 
as a rational, performance-based evaluation of techni-
cal competence and predictability [2]. This reductionist 
perspective prioritized cognitive judgments of functional 
accuracy but proved insufficient for explaining the affec-
tive and relational dimensions of modern AI systems. As 
interaction paradigms shifted, scholars recognized that 
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Abstract
Trust in artificial intelligence (AI) has emerged as a critical factor influencing students’ interactions with AI-
supported learning environments. However, validated instruments for measuring student trust in AI within 
educational contexts remain limited. This study developed and validated a multidimensional scale to assess student 
trust in AI systems in online distance education. Scale development followed a sequential multi-stage design, 
including item generation based on literature review, expert evaluation for content validity, and psychometric 
validation through exploratory and confirmatory factor analyses. A total of 837 distance learning students 
participated in the study (EFA = 412; CFA = 307; validation sample = 118). Exploratory factor analysis supported 
a five-factor structure explaining 63.20% of the total variance. Confirmatory factor analysis with an independent 
sample indicated good model fit (χ2/df = 2.17; CFI = .95; TLI = .94; RMSEA = .06). The scale demonstrated high 
internal consistency (α = .94; ω = .94). Multi-group confirmatory factor analysis supported metric invariance across 
gender, indicating comparable measurement across groups. No significant gender differences were observed, 
and trust in AI was not significantly associated with grade point average or system engagement frequency. 
These results suggest that trust represents a distinct perception that may influence how students engage with 
AI-supported learning environments. The resulting 21-item scale provides a reliable instrument for investigating 
student trust in AI and offers practical implications for the design and implementation of AI-supported learning in 
higher education.
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trust necessitates a broader conceptualization involving 
comprehensibility and personal commitment [3].

Contemporary frameworks now treat trust in AI as a 
multidimensional construct influenced by perceived 
competence, helpfulness, and risk [4–6]. Emerging psy-
chometric evidence suggests that traditional automa-
tion-based scales may not remain stable when applied 
to autonomous agents. Specifically, treating trust and 
distrust as opposite poles of a single dimension can lead 
to significant measurement errors [7]. While AI-specific 
tools have begun to emerge [8, 9], many remain confined 
to specific domains, leaving a gap for highly generalizable 
instruments.

The modern consensus further integrates normative 
elements such as algorithmic fairness, transparency, and 
data privacy into the trust architecture [10, 11]. With the 
rise of generative and chat-based AI, human-AI inter-
action has acquired a human-like, relational character. 
Features such as personalized feedback and empathetic 
language enable users to form emotional bonds, suggest-
ing that anthropomorphism is now a decisive factor in 
trust formation [4, 12].

This study addresses these theoretical gaps by develop-
ing a psychometrically robust tool that integrates func-
tional, normative, and relational dimensions.

Related literature
The evolution of trust measurement in technology has 
moved from a performance centric paradigm to a holis-
tic socio technical perspective. Early models rooted in 
human computer and human automation interaction 
reduced trust to a cognitive evaluation of technical com-
petence and predictability [2]. However, this reductionist 
view fails to capture the affective and relational complexi-
ties inherent in modern AI interactions. Recognizing 
these limitations, [3] introduced conceptual expansion by 
incorporating comprehensibility and personal commit-
ment as core components. Consequently, trust in AI is 
now recognized as a multidimensional construct shaped 
by perceived competence, benevolence, and risk [4–6].

Despite the proliferation of AI specific research, cur-
rent measurement instruments face significant psy-
chometric and theoretical challenges. First, emerging 
evidence suggests that the factor structures of tradi-
tional automation scales lack stability when applied to 
autonomous AI agents. Notably, treating trust and dis-
trust as opposite poles of a single continuum can lead to 
measurement errors, necessitating their assessment as 
distinct constructs [7]. Second, while recent scale devel-
opment efforts have emerged [8, 9], many remain domain 
specific or fail to integrate the normative dimensions of 
algorithmic fairness and data privacy [10, 11, 13].

Furthermore, the rise of generative AI has introduced 
a relational dimension previously absent in traditional 

systems. As chat-based systems employ human-like lan-
guage and personalized feedback, users develop emo-
tional bonds, making anthropomorphism a critical 
determinant of trust [4, 12]. Most existing scales fail to 
account for this human-like character as a primary factor 
in trust.

This study addresses these gaps by developing and 
validating a psychometrically robust instrument tailored 
to the educational context. By integrating fragmented 
dimensions, specifically perceived justice, ethics, and 
anthropomorphism, this research provides the necessary 
psychometric discrimination to accurately measure stu-
dents’ trust in AI.

Method
This study employed a systematic scale development 
design to construct and validate an instrument to mea-
sure user trust in AI. The development process adhered 
to the methodological framework established by [14], 
which encompasses defining the construct, item pooling, 
expert review, pilot testing, and rigorous factor analy-
sis. This structured approach ensures both the theoreti-
cal alignment and the psychometric integrity of the final 
scale.

Participants
The study involved three distinct participant groups to 
support the various stages of validation and application. 
Data were collected from students enrolled at the Open 
Education Faculty of Anadolu University. Following the 
removal of invalid responses identified by control item 
checks, the final analysis included a total of 412 partici-
pants. The demographic characteristics, including gen-
der distribution, age range, academic performance, and 
engagement levels with the learning management system, 
are detailed in Table 1.

Participant characteristics across the EFA, CFA, and 
application samples are summarized in Table 1. The sam-
ples were broadly comparable, with female participants 
forming the majority. Age composition differed slightly, 
with the EFA group skewing younger and the CFA/appli-
cation groups including more middle-aged and older 
learners. Group 3 profiles were similar across groups, and 
LMS engagement varied, supporting validation across 
diverse learner profiles in distance education.

Definition of the construct to be measured
The primary construct of this study is students’ percep-
tions of trust in artificial intelligence. While traditional 
frameworks establish that technological trust dictates 
usage intentions and behaviours, the autonomous nature 
of AI necessitates an expansion beyond these classical 
models.
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Synthesizing contemporary research [3, 7, 9, 15–20], 
this study treats trust as a complex multidimensional 
structure. A critical theoretical addition is the dimen-
sion of anthropomorphism, as evidence suggests that 
trust in AI is increasingly shaped by relational attributes 
such as empathy and human-like communication rather 
than mere functional accuracy. Consequently, an eight-
dimensional framework was established to capture the 
breadth of the construct, including perceived fairness, 
comprehensibility, benefit, trust, risk, ethical and data 
privacy-based trust, anthropomorphism, and personal 
commitment.

Creation of the item pool
The second phase generated a comprehensive item pool 
to ensure balanced coverage of all theoretical dimensions. 
We conducted an extensive review of research on trust in 
AI, technology acceptance, data security, and ethical per-
ceptions, and refined the items with input from experts 
in measurement, educational technology, psychology, 
and AI. To address a noted gap in human–AI interac-
tion research, we added anthropomorphism as a distinct 
dimension. This process produced an initial pool of 47 
items for content validation and psychometric testing.

Determination of the item format
Items were rated on a 5-point Likert scale (1 = strongly 
disagree, 5 = strongly agree) to measure students’ trust 
in AI. This format is widely used for assessing latent con-
structs such as attitudes and perceptions and supports 
comparability with prior trust research [21].

Examination of content validity via expert opinion
A multidisciplinary panel of 13 experts (measurement/
evaluation, educational technology, psychology, and 
AI) reviewed the 47-item pool for relevance and clarity. 
Content validity was quantified using [22]’s CVR, with 
a critical value of .54 based on 13 experts. Items below 
the cutoff were removed, and wording was refined based 
on qualitative feedback. This process reduced the pool 
to 30 items with established content validity. The values 
obtained within this scope are presented in Table 2.

Implementation of the pilot study
The draft scale was piloted with 13 volunteer university 
students who were not included in the main study sam-
ples. Participants were asked to complete the scale and 
provide written feedback regarding item clarity, wording 
comprehensibility, and response format. Based on this 
feedback, minor revisions were made to the phrasing of 
several items to improve readability, and the response 

Table 1  Demographic profile of the participants
Group 1 (EFA) Group 2 (CFA) Group 3 (App.)

Variable Category N % N % N %
Gender Female 254 61.65 159 51.79 72 61.02

Male 158 38.35 148 48.21 46 38.98

Age 19–25 134 32.52 39 12.70 15 12.71

25–31 75 18.20 33 10.75 6 5.08

31–37 50 12.14 50 16.29 7 5.93

37–43 35 8.50 37 12.05 20 16.95

43–49 49 11.89 41 13.36 24 20.34

49–55 32 7.77 44 14.33 23 19.49

55–61 23 5.58 31 10.10 10 8.47

61–67 9 2.18 23 7.49 10 8.47

67–73 5 1.21 8 2.61 3 2.54

Grade Average 0–1 45 10.92 38 12.38 17 14.41

1–2 121 29.37 77 25.08 33 27.97

2–3 165 40.05 129 42.02 51 43.22

3–4 81 19.66 62 20.20 17 14.41

LMS Login Count 0–30 196 47.57 144 46.91 60 50.85

30–60 118 28.64 73 23.78 35 29.66

60–90 46 11.17 35 11.40 12 10.17

90–120 20 5.10 124 40.39 4 3.39

>120 30 7.28 30 9.77 7 5.93

Number of LMS Material Usages 0–110 178 43.20 137 44.63 61 51.69

110–220 121 29.37 81 26.38 24 20.34

220–330 55 13.35 34 11.07 15 12.71

330–440 25 6.07 20 6.51 9 7.63

>440 33 8.01 34 11.07 9 7.63
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Items Sources N S SR NS CVR Action EFA CFA
Perceived Justice

  AI provides responses without bias. Developed by the authors 13 12 1 0 0.85 Retained Retained Retained

  AI adopts an objective approach when generating 
responses.

Developed by the authors 13 10 3 0 0.54 Retained Retained Retained

  AI provides responses based solely on data. Developed by the authors 13 8 5 0 0.23 Removed – –

  AI treats everyone equally when generating 
responses.

Developed by the authors 13 11 0 2 0.69 Retained Retained Retained

Perceived Understandability

  I am familiar with AI. Jian et al. (2000); Perrig et 
al. (2023)

13 7 5 1 0.08 Removed – –

  I know how AI works. Madsen & Gregor (2000); 
Ribeiro et al. (2016)

13 5 7 1 -0.23 Removed – –

  I understand the rationale behind the responses 
provided by AI.

Developed by the authors 13 6 4 3 -0.07 Removed – –

  I know which data AI uses when generating 
responses.

Developed by the authors 13 10 3 0 0.54 Revised Removed –

Perceived Barriers

  The decision-making processes of AI are not 
transparent.

Nazaretsky et al. (2025) 13 8 5 0 0.23 Removed – –

  It is unclear who is responsible for the decisions 
made by AI.

Nazaretsky et al. (2025) 13 9 4 0 0.38 Removed – –

  The data sources used by AI are not clearly 
identified.

Nazaretsky et al. (2025) 13 8 4 1 0.23 Removed – –

  The data collection methods employed by AI are 
not clearly specified.

Nazaretsky et al. (2025) 13 8 4 1 0.23 Removed – –

Perceived Usefulness

  AI provides recommendations that support my 
decision-making.

Madsen & Gregor (2000) 13 10 3 0 0.54 Retained Retained Retained

  The services offered by AI have a low error rate. Chi et al. (2021) 13 10 3 0 0.54 Retained Retained Retained

  I believe that AI has the functions I need. Wang et al. (2025) 13 10 3 0 0.54 Retained Retained Retained

  The responses provided by AI meet my needs. Dang & Li (2025) 13 10 3 0 0.54 Revised Retained Retained

  AI provides personalized responses based on my 
level of learning.

Nazaretsky et al. (2025) 13 6 7 0 -0.08 Removed – –

  By identifying my strengths and weaknesses, AI 
helps teachers assign tasks appropriate to me.

Nazaretsky et al. (2025) 13 6 7 0 -0.08 Removed – –

  AI provides responses that meet my expectations. Gulati et al. (2019); Wang 
et al. (2025)

13 10 3 0 0.54 Revised Removed –

Perceived Trust

  AI provides assistance when needed. Gulati et al. (2019) 13 11 2 0 0.69 Retained Retained Retained

  I believe that I can use AI effectively. Chi et al. (2021); Madsen & 
Gregor (2000); Nazaretsky 
et al. (2025)

13 11 2 0 0.69 Retained Retained Retained

  I consider AI’s recommendations to be as valuable 
as those of a reliable person.

Nazaretsky et al. (2025) 13 10 2 1 0.54 Revised Removed –

  As the amount of data used by AI increases, I trust 
its recommendations more.

Nazaretsky et al. (2025) 13 10 3 0 0.54 Retained Removed –

Perceived Trust

  The recommendations provided by AI constitute a 
reliable basis for my decision-making.

Nazaretsky et al. (2025) 13 12 1 0 0.85 Retained Retained Retained

  I trust the responses generated by AI. Wang et al. (2025); Gu-
lati et al. (2019); Jian et al. 
(2000); Perrig et al. (2023)

13 11 2 0 0.69 Retained Retained Retained

  AI can explain the reasons behind the results it 
produces.

Developed by the authors 13 9 2 2 0.38 Removed – –

  AI operates in a reliable manner. Madsen & Gregor (2000) 13 8 4 1 0.23 Removed – –

Table 2  Item pool and CVR analysis
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instructions were refined for greater clarity. No items 
were added or removed at this stage. These adjustments 
confirmed the instrument’s readiness for full psychomet-
ric evaluation.

Statistical analysis of the items
An EFA was performed to determine the instrument’s 
latent factor structure and internal reliability. The study 
sample included students from the Open Education Fac-
ulty of Anadolu University. The initial instrument con-
sisted of 30 items plus a single control item to ensure data 
quality. Following the exclusion of participants who failed 
the control item check, the final analysis was conducted 
with 412 valid responses.

The suitability of the data for factor extraction was 
assessed using the Kaiser Meyer Olkin (KMO) measure of 
sampling adequacy and Bartlett’s Test of Sphericity [23]. 
The KMO value was calculated at .96, indicating excellent 
sampling adequacy. Bartlett’s Test of Sphericity yielded 
significant results with χ2(378) = 6376.37, p < .001, con-
firming that the correlation matrix was appropriate for 
factoring.

To further evaluate the psychometric quality of the 
items, item total correlations were computed, and inter-
nal consistency was assessed using Cronbach’s alpha. 
These preliminary statistical indicators provided the 
necessary empirical justification to proceed with the 

Items Sources N S SR NS CVR Action EFA CFA
  The responses provided by AI are consistent. Jian et al. (2000); Perrig 

et al. (2023); Madsen & 
Gregor (2000)

13 10 3 0 0.54 Retained Retained Retained

Perceived Risk

  I am cautious about the potential risks of AI. Jian et al. (2000); Perrig 
et al. (2023); Gulati et al. 
(2019)

13 12 1 0 0.85 Retained Removed –

  AI can be misleading. Jian et al. (2000); Perrig et 
al. (2023)

13 8 5 0 0.23 Removed – –

  Interacting with AI is risky. Gulati et al. (2019) 13 7 4 0 0.08 Removed – –

  AI may lead to unexpected outcomes. Developed by the authors 13 11 2 0 0.69 Retained Retained Re-
moved

Ethics- and Data Privacy-Based Trust

  The responses generated by AI raise ethical 
concerns.

Nazaretsky et al. (2025); 
Gulati et al. (2019); Jian 
et al. (2000); Perrig et al. 
(2023)

13 10 3 0 0.54 Retained Retained Re-
moved

  The data used by AI create privacy concerns for me. Nazaretsky et al. (2025) 13 12 1 0 0.85 Retained Retained Retained

  AI acts in accordance with ethical principles. Floridi & Cowls (2022); 
Nazaretsky et al. (2025)

13 10 2 1 0.54 Retained Retained Retained

  The intentions and funding sources of AI providers 
are not transparent.

Rzepka et al. (2022) 13 7 5 1 0.08 Removed – –

  AI avoids misusing user data. Developed by the authors 13 10 3 0 0.54 Retained Retained Retained

Anthropomorphism

  Interacting with AI provides a human-like 
experience.

Developed by the authors 13 12 1 0 0.85 Retained Retained Retained

  AI uses human-like humor in its responses. Developed by the authors 13 11 2 0 0.69 Retained Retained Retained

  AI employs an empathetic tone in its responses. Developed by the authors 13 12 1 0 0.85 Retained Retained Retained

  AI possesses human-like qualities such as politeness 
and understanding.

Developed by the authors 13 10 3 0 0.54 Retained Retained Retained

Personal Attachment

  I use AI tools to personalize my learning process. Nazaretsky et al. (2025) 13 10 3 0 0.54 Retained Retained Retained

  I enjoy using AI. Madsen & Gregor (2000) 13 11 2 0 0.69 Retained Retained Retained

  I consider the absence of AI to be a deficiency. Madsen & Gregor (2000) 13 10 3 0 0.54 Revised Removed –

  I feel a sense of attachment to AI. Chi et al. (2021); Madsen & 
Gregor (2000)

13 8 4 1 0.23 Removed – –

  I prefer AI when making decisions. Madsen & Gregor (2000) 13 8 5 0 0.23 Removed – –

  The responses provided by AI are compatible with 
my way of thinking.

Madsen & Gregor (2000) 13 10 2 1 0.54 Retained Removed –

N Number of experts, S Essential, SR Should be revised, NS Not suitable, CVR Content validity ratio, EFA Exploratory factor analysis, CFA Confirmatory factor analysis

Table 2  (continued) 
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identification of the underlying sub dimensions of the 
trust scale.

Testing construct validity and reliability
The five-factor structure identified through the explor-
atory phase was subsequently tested for structural sta-
bility using Confirmatory Factor Analysis, an approach 
increasingly adopted in educational research to validate 
complex latent constructs through rigorous SEM-based 
procedures [24, 25]. The instrument was administered to 
a new sample of 336 students from the Open Education 
Faculty of Anadolu University. Following the removal of 
participants who failed the attention check items, the 
final analysis proceeded with 307 valid responses.

The reliability of the scale demonstrated high internal 
consistency as evidenced by Cronbach’s alpha (α = .94) 
and McDonald’s omega (ω = .94) coefficients. To ensure 
the robustness of the latent constructs, validity analy-
ses examined composite reliability and average variance 
extracted across the factors. Composite reliability values 
ranged from .78 to .91, while average variance extracted 
values ranged from .56 to .70, both exceeding the rec-
ommended thresholds for convergent validity. Further-
more, the data distribution was assessed for normality, 
with skewness values between -1.17 and .68 and kurtosis 
values between -1.00 and 1.62, indicating that the items 
were suitable for maximum likelihood estimation. These 
results collectively confirm that the five-factor structure 
of the scale is theoretically sound and psychometrically 
robust for assessing trust in artificial intelligence.

Development of the final scale
The confirmatory factor analysis supported the stabil-
ity of the five-factor structure. During final refinement, 
items with weak loadings or limited contribution to their 
intended constructs were removed to strengthen dis-
crimination and theoretical coherence.

To ensure transparency, key decision points across all 
stages of the item reduction process are summarized. 
The initial pool of 47 items was reduced to 30 following 
expert panel review, with items falling below the CVR 
threshold of .54 excluded. EFA subsequently eliminated 7 
items (2 due to cross-loadings and 5 due to insufficient 
factor loadings or non-significant correlation matrix val-
ues), yielding 23 items. In the final CFA phase, 2 addi-
tional items were removed for failing to meet the .50 
standardized loading threshold, resulting in the 21-item 
final scale.

The resulting AI Trust Scale comprises 21 items across 
five sub- dimensions (Appendix  1). The scale demon-
strates acceptable evidence of validity and reliability for 
assessing students’ trust in AI systems. Its concise for-
mat improves practical usability for research and edu-
cational settings while still capturing key aspects of the 

socio-technical relationship between learners and AI 
agents.

Implementation of the developed scale
The findings from the implementation phase indi-
cate that, within the present sample, trust in AI was 
not significantly associated with GPA or LMS engage-
ment frequency, suggesting that trust scores were not 
meaningfully influenced by these particular variables. 
An independent sample t-test conducted with 118 stu-
dents revealed no statistically significant difference 
between the trust scores of male and female participants 
[t(116) = −0.166; p = .868], with a negligible effect size. 
This outcome is consistent with the previously estab-
lished metric invariance, confirming that the scale pro-
vides equivalent measurement across genders and is free 
from gender-based bias.

Furthermore, Spearman rho correlation analysis indi-
cated that trust in AI was not significantly associated 
with overall grade point average (r = −.161; p = .082) 
or the number of LMS logins (r = −.055, p = .554). 
These results suggest that trust is not merely a byprod-
uct of academic success or routine exposure to the sys-
tem. Instead, students’ trust in AI constitutes a distinct 
psychological evaluation that remains consistent regard-
less of their academic standing or technical engagement 
habits. This independence further validates the scale as 
a specialized tool for measuring trust as a primary socio 
technical construct.

Results
EFA
The item reduction process was conducted to maintain 
a parsimonious set of indicators that represent the core 
construct validity of the scale while minimizing partici-
pant cognitive load [26]. Initial diagnostics confirmed 
the superior suitability of the data for factor analysis, 
with a KMO value of .96 and a significant Bartlett’s Test 
of Sphericity, χ2(378) = 6376.37, p < .001. These met-
rics demonstrate that the inter-item correlations are suf-
ficiently robust for factor extraction.To determine the 
optimal number of factors, Scree Plot analysis was cor-
roborated by parallel analysis. The convergence of these 
methods, along with eigenvalues exceeding 1.00, statis-
tically supported a five-factor structure. This multidi-
mensional configuration ensures that the scale captures 
the complexity of trust in artificial intelligence without 
compromising efficiency. The analysis results are shown 
in Fig. 1.

Analysis of the eigenvalues confirms a five-factor solu-
tion, with all retained factors exceeding the 1.00 thresh-
old. The primary factor accounts for 41.96% of the total 
variance, followed by four additional factors contributing 
6.34%, 5.64%, 5.18%, and 4.09% respectively. Collectively, 
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this structure explains 63.20% of the total variance, meet-
ing the established criteria for a robust measurement 
model in the social sciences. The scree plot, generated 
based on the 30 items entered into the analysis, provided 
visual confirmation of this structure, with a clear inflec-
tion point emerging after the fifth factor. Factor extrac-
tion was performed using the Generalized Least Squares 
method. To account for the theoretical interconnect-
edness of trust dimensions, the Direct Oblimin oblique 
rotation technique was applied [27]. Post rotation, the 
factors showed a balanced distribution of variance, with 
the primary factor explaining 40.50% and the remaining 
factors ranging from 2.64% to 4.95%. These analyses, con-
ducted via SPSS 26, verify that the five-factor configura-
tion is the most parsimonious and theoretically sound 
representation of the data. Detailed factor loadings and 
item distributions are presented in Table 3.

The factor extraction and rotation procedures resulted 
in a stable five-factor solution that converged in 11 itera-
tions. To ensure the reliability of the latent structure, 
items were subjected to rigorous purification based on 
established psychometric criteria. Specifically, items 
that exhibited cross loadings on multiple factors or dis-
played weak factor loadings below .40 were systematically 
eliminated. This threshold aligns with the recommen-
dations of [23, 28], who suggest that loadings above .40 
are ideal for ensuring that an item contributes meaning-
fully to its assigned factor. Several items within Factor 
2 (Items 1, 2, and 3) and Factor 5 (Items 6, 14, 15, and 

16) yielded negative factor loadings. These items do not 
contain reverse-worded statements; rather, the negative 
signs reflect the arbitrary direction of factor extraction in 
exploratory analysis. As the sign of a factor loading does 
not affect its magnitude or substantive interpretation, 
these items were retained based on the absolute value 
of their loadings, consistent with standard psychometric 
practice [29]. Based on these criteria, Items 9 and 12 were 
removed due to significant cross loadings that threatened 
the discriminant validity of the sub dimensions. Further-
more, Items 4, 13, 19, 29, and 30 were excluded because 
they failed to meet the .40 loading threshold. Item 17 was 
also removed because it did not achieve a statistically sig-
nificant value within the correlation matrix. Following 
these refinements, the scale was reduced from 31 items 
including the control item to a final set of 23 items. This 
purification process enhances the instrument’s structural 
integrity and ensures that each remaining item provides 
a distinct and robust measurement of the intended trust 
dimensions.

CFA
The structural integrity of the factor model identified in 
the exploratory phase was tested using a Confirmatory 
Factor Analysis on a separate and independent sample. 
This methodological progression ensures that the latent 
structure is not sample specific but represents a stable 
and generalizable measurement framework [23, 24]. For 
the execution of these analyses, AMOS 22 and SmartPLS 

Fig. 1  Scree plots
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software were utilized to provide comprehensive cross 
validation of the results. The validation process involved 
a rigorous examination of model fit indices, standardized 
factor loadings, and overall construct validity. By evalu-
ating the degree of correspondence between the hypoth-
esized five factor structure and the observed empirical 
data, the analysis confirms the robustness of the scale. 
The specific goodness of fit indices employed, alongside 
their established theoretical reference ranges, are pre-
sented in Table 4.

According to the results of the CFA analysis presented 
in Table 4, the chi-square value was statistically signifi-
cant (χ2 = 382.923, df = 176, p < .001). However, since 
the chi-square statistic is sensitive to sample size [24], 

other fit indices are taken into consideration when evalu-
ating model fit. The χ2/df  ratio was calculated as 2.176, 
which falls within the range of 0 ≤ χ2/df ≤ 3 suggested 
by [24], indicating a perfect fit. The values for CFI (.95), 
TLI (.94), IFI (.95), and NFI (.91) meet the ≥ .90 criterion 
for good model fit as recommended by [24, 30]. Finally, 
the RMSEA value was found to be .06, which falls within 
the range of 0.05 ≤ RMSEA < 0.10 proposed by [30], 
indicating an acceptable level of model fit.

The collective evidence from the confirmatory phase 
indicates that the measurement model demonstrates a 
superior fit, aligning consistently with the rigorous sta-
tistical thresholds established in the literature. These 
findings verify that the five-factor structure identified in 

Table 3  Results of EFA
Factors Items N X SD Skewness Kurtosis 1 2 3 4 5
Perceived Justice I1 412 3.10 1.21 -0.15 -0.99 -0.76

I2 412 3.17 1.14 -0.27 -0.87 -0.90

I3 412 3.28 1.16 -0.31 -0.91 -0.71

Perceived Benefit and Usability I5 412 3.64 1.010 -0.97 -0.69 0.52

I7 412 3.28 1.010 -0.72 -0.23 0.48

I8 412 3.40 0.960 -0.84 0.34 0.55

I10 412 3.78 0.935 -1.17 1.49 0.64

I11 412 3.74 0.954 -0.96 1.05 0.73

I27 412 3.71 1.024 -1.06 0.89 0.69

I28 412 3.74 1.042 -0.98 0.74 0.61

Perceived Trust I6 412 2.63 1.063 0.00 -0.96 -0.47

I14 412 3.05 1.092 -0.32 -0.67 -0.41

I15 412 3.02 1.000 -0.41 -0.52 -0.53

I16 412 2.90 1.056 -0.35 -0.81 -0.48

Ethics and Data Privacy I18 412 2.10 1.002 0.78 0.06 0.58

I19 412 2.73 1.085 0.05 -0.69 0.66

I20 412 2.25 1.126 0.66 -0.36 0.66

I21 412 2.89 1.060 -0.26 -0.53 0.56

I22 412 2.68 1.013 -0.08 -0.36 0.54

Anthropomorphism I23 412 2.76 1.236 -0.02 -1.25 0.63

I24 412 3.08 1.164 -0.37 -0.94 0.83

I25 412 3.34 1.136 -0.61 -0.51 0.67

I26 412 3.19 1.225 -0.46 -0.85 0.61

Table 4  Model fit indices for CFA
Fit Criteria Evaluation

Indices Value Acceptable Fit Perfect Fit Reference Decision

χ2/df 2.17 3 ≤ χ2/df ≤ 5 0 ≤ χ2/df < 3 Kline (2016) Perfect fit

CFI .95 0.90 ≤ CF I < 0.95 0.95 ≤ CF I ≤ 1 Hu & Bentler (1999) Perfect fit

TLI .94 0.90 ≤ T LI < 0.95 0.95 ≤ T LI ≤ 1 Brown (2015) Acceptable fit

GFI .89 0.80 ≤ GF I < 0.90 0.90 ≤ GF I ≤ 1 Brown (2015) Acceptable fit

AGFI .86 0.80 ≤ AGF I < 0.90 0.90 ≤ AGF I ≤ 1 Brown (2015) Acceptable fit

IFI .95 0.90 ≤ IF I < 0.95 0.95 ≤ IF I ≤ 1 Kline (2016) Perfect fit

NFI .91 0.90 ≤ NF I < 0.95 0.95 ≤ NF I ≤ 1.00 Bentler & Bonett (1980) Acceptable fit

RMSEA .06 0.05 ≤ RMSEA ≤ 0.10 0.00 ≤ RMSEA < 0.05 Hu & Bentler (1999) Acceptable fit
Fit criteria indicate commonly used thresholds for evaluating model fit in structural equation modeling

CFI Comparative Fit Index, TLI Tucker–Lewis Index, GFI Goodness-of-Fit Index, AGFI Adjusted Goodness-of-Fit Index, IFI Incremental Fit Index, NFI Normed Fit Index, 
RMSEA Root Mean Square Error of Approximation
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the exploratory analysis provides an accurate and stable 
representation of the data, thereby reinforcing the instru-
ment’s construct validity.

The robust performance of the goodness of fit indices 
confirms that the latent dimensions effectively capture 
the complexities of trust in artificial intelligence. Conse-
quently, the model provides a theoretically sound frame-
work for examining the interconnectedness of these 
constructs. The standardized factor loadings and the spe-
cific inter factor correlation values, which further illus-
trate the internal consistency and discriminant validity of 
the five-dimensional structure, are presented in Fig. 2.

The structural evaluation presented in Fig.  2 reveals 
that the standardized factor loadings for all items range 
from .50 to .91. These robust values indicate that each 
item strongly represents its respective latent construct, 
exceeding the common psychometric requirement for 
meaningful factor contribution.

To further optimize the model fit, a limited number 
of error covariance modifications were implemented. 
These adjustments were justified by the need to account 
for shared variance among items with similar concep-
tual content within the same sub-dimension. Specifically, 
error covariances were permitted between Item 27 and 
Item 28, and between Item 7 and Item 10 within the Per-
ceived Benefit and Usability factor, as these items share 
overlapping content related to functional utility and user 
experience. Additionally, an error covariance was intro-
duced between Item 14 and Item 16 within the Perceived 
Trust factor, reflecting their conceptual proximity in 
assessing the reliability of AI responses. All modifications 
were confined to items within the same sub-dimension 
and were theoretically justified prior to implementation 
[31, 32] This refinement process enhanced the overall 
goodness of fit without compromising the theoretical 
integrity of the scale. Collectively, these results pro-
vide definitive evidence of strong construct validity and 
confirm that the five-dimensional structure is a psycho-
metrically sound representation of trust in artificial intel-
ligence. Detailed statistical outputs for the Confirmatory 
Factor Analysis are provided in Table 5.

The skewness and kurtosis values provided in Table 5 
were analyzed to evaluate the distributional character-
istics of the scale items. Skewness values ranging from 
-1.17 to .68 and kurtosis values between -1.00 and 1.62 
fall within the acceptable parameters defined by [24, 
33]. These results confirm that the dataset satisfies the 
assumption of univariate normality, justifying the use of 
maximum likelihood estimation in the confirmatory fac-
tor analysis. To assess the discriminatory power of the 
items, corrected item total correlation values were calcu-
lated. The resulting coefficients, ranging from .41 to .80, 
exceed the thresholds suggested by [14, 23]. These values 
indicate that each item contributes significantly to its 

respective factor and the overall scale score, demonstrat-
ing high conceptual consistency and internal validity. The 
standardized factor loadings from the confirmatory phase 
were evaluated against a minimum threshold of .50. Items 
I18 and I19 yielded loadings of .49 and .47 respectively 
and were consequently removed to ensure the structural 
integrity of the factors [23, 24]. Furthermore, an analysis 
of modification indices revealed shared error variance 
between specific items with overlapping conceptual con-
tent. Following the recommendations of [31, 32], error 
covariances were correlated between these theoretically 
aligned items. This strategic modification accounts for 
shared method variance rather than model error, thereby 
improving fit indices while preserving the construct’s 
structural validity. These refinements confirm that the 
remaining items strongly represent their factors, result-
ing in a robust model fit as detailed in Table 6.

Following the confirmatory factor analysis, internal 
consistency coefficients were calculated for each fac-
tor. Current methodological recommendations sug-
gest reporting both Cronbach’s α and McDonald’s ω 
and supporting reliability decisions primarily based on 
ω [34]. As shown in Table 6, according to Cronbach’s α 
and McDonald’s ω analyses, the following values were 
obtained: for Perceived Justice, α = .87 and ω = .87 for 
Perceived Justice; α = .92 and ω = .92 for Perceived 
Benefit and Usability; α = .85 and ω = .85 for Perceived 
Trust; α = .76 and ω = .78 for Ethics and Data Privacy; 
and α = .84 and ω = .84 for Anthropomorphism. For 
the overall scale, α = .94 and ω = .94 were calculated. 
These findings indicate that all factors, and the overall 
scale, demonstrate good to very good levels of internal 
consistency (mostly ≥ .85), confirming that the scale is 
reliable [33]. Furthermore, the very close correspondence 
between Cronbach’s α and McDonald’s ω values further 
supports the consistency and stability of the measure-
ment instrument.

The psychometric robustness of the scale was further 
evaluated through composite reliability and conver-
gent validity indices. According to [23, 35], a Composite 
Reliability (CR) value of .70 or higher signifies adequate 
internal consistency. In this study, CR values ranged from 
.78 to .91, demonstrating satisfactory reliability across 
all latent constructs. Furthermore, the Average Variance 
Extracted (AVE) values exceeded the .50 threshold for 
all factors, ranging from .56 to .70. These results indicate 
that the constructs explain a significant proportion of 
the variance in their respective indicators, thereby estab-
lishing strong evidence for convergent validity [36]. To 
ensure that the measurement instrument effectively dis-
tinguishes between different constructs, a discriminant 
validity analysis was conducted using the Heterotrait 
Monotrait (HTMT) ratio [37]. The HTMT ratio pro-
vides a more sensitive assessment of discriminant validity 
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Fig. 2  A factor structure model of the scale
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compared to traditional methods by comparing inter 
construct correlations to intra construct correlations. 
Following the criteria established by [37], all HTMT val-
ues remained below the .90 threshold for theoretically 
related constructs and below .85 for distinct dimensions. 
These findings confirm the discriminant validity of the 
five-factor structure, as detailed in Table 7.

The HTMT ratios presented in Table 7 confirm that the 
measurement instrument achieves a high level of differ-
entiation among its latent constructs. All obtained values 
remain below the rigorous .90 threshold, indicating that 
each sub dimension captures a distinct facet of trust in 
artificial intelligence. The highest HTMT coefficient was 
observed between Perceived Benefit and Usability (PBU) 
and Perceived Trust (PT) at .84, suggesting a strong but 
distinct theoretical relationship. Conversely, the low-
est value was identified between Anthropomorphism 
(A) and Perceived Justice (PJ) at .50, highlighting a clear 
divergence between relational perceptions and ethical 
evaluations. These results provide empirical evidence 
that the constructs are sufficiently independent and that 
the scale effectively distinguishes between the various 
psychological dimensions it is designed to measure. Con-
sequently, the findings verify that each factor within the 
five-dimensional model is assessed with high reliability 
and validity. Although all HTMT values remained below 
the recommended thresholds, the relatively higher coef-
ficient observed between Perceived Benefit and Usabil-
ity and Perceived Trust (HTMT = .84) warrants careful 
interpretation. These two constructs share conceptual 
proximity in the trust literature, as perceived usability 
is frequently theorized as an antecedent of trust rather 
than a wholly independent dimension. Nevertheless, the 
empirical distinctiveness of these factors was supported 
by the HTMT criterion, and their separation is consistent 
with the theoretical framework guiding this study.

Table 5  Results of CFA
Factors Items N X SD ↑ 27% + SD ↓ 27% + SD CITC Sk K Loading
Perceived Justice I1 307 3.21 1.13 3.99 ± .87 2.35 ± 1.15 .57 -.37 -.75 .83

I2 307 3.25 1.08 4.05 ± .70 2.33 ± 1.10 .62 -.50 -.54 .89

I3 307 3.38 1.19 4.23 ± .84 2.38 ± 1.17 .62 -.46 -.79 .78

Perceived Benefit and Usability I5 307 3.57 .99 4.32 ± .54 2.54 ± 1.06 .74 -.98 .59 .79

I7 307 3.32 .98 4.15 ± .47 2.33 ± .95 .74 -.73 -.07 .83

I8 307 3.43 .96 4.24 ± .53 2.45 ± 1.01 .79 -.80 .51 .86

I10 307 3.73 .92 4.41 ± .52 2.78 ± 1.04 .79 -1.17 1.62 .88

I11 307 3.63 .96 4.34 ± .61 2.93 ± 1.08 .63 -.78 .50 .69

I27 307 3.63 .99 4.27 ± .61 2.83 ± 1.18 .60 -.95 .70 .62

I28 307 3.52 1.11 4.43 ± .68 2.43 ± 1.08 .70 -.64 -.18 .75

Perceived Trust I6 307 2.79 1.08 3.46 ± .88 1.98 ± .99 .50 -.07 -.80 .55

I14 307 3.17 1.03 4.06 ± .61 2.10 ± .91 .76 -.47 -.30 .82

I15 307 3.03 .99 3.99 ± .57 1.96 ± .72 .80 -.25 -.53 .91

I16 307 3.08 1.04 3.83 ± .76 2.11 ± .99 .65 -.46 -.37 .74

Ethics and Data Privacy I20 307 2.30 1.07 2.91 ± 1.14 1.74 ± .84 .41 .68 -.14 .50

I21 307 2.91 1.00 3.68 ± .71 2.02 ± .95 .68 -.31 -.33 .85

I22 307 2.79 1.03 3.70 ± .76 1.91 ± .85 .67 -.06 -.42 .85

Anthropomorphism I23 307 2.99 1.19 3.94 ± .79 1.91 ± 1.01 .67 -.27 -1.00 .76

I24 307 3.11 1.13 3.96 ± .76 2.16 ± 1.04 .60 -.34 -.80 .76

I25 307 3.39 1.02 4.16 ± .67 2.67 ± 1.07 .58 -.51 -.34 .76

I26 307 3.31 1.12 4.07 ± .73 2.40 ± 1.09 .59 -.57 -.43 .73
CITC corrected item-total correlation, Sk skewnes, K kurtosis, Loading standardized factor loading

Table 6  Validity and reliability analysis results
Factors Num-

ber of 
Items

Cron-
bach’s 
α

Mc-
Don-
ald’s ω

CR AVE

Perceived Justice 3 .87 .87 .87 .70

Perceived Benefit and 
Usability

7 .92 .92 .91 .61

Perceived Trust 4 .85 .85 .85 .60

Ethics and Data Privacy 3 .76 .78 .78 .56

Anthropomorphism 4 .84 .84 .84 .57

Total 21 .94 .94
CR Composite Reliability, AVE Average Variance Extracted

Table 7  Discriminant validity matrix
A EDP PBU PJ PT

Anthropomorphism (A)

Ethics and Data Privacy (EDP) 0.66

Perceived Benefit and Usability (PBU) 0.77 0.68

Perceived Justice (PJ) 0.50 0.64 0.62

Perceived Trust (PT) 0.66 0.79 0.84 0.67
A Anthropomorphism, EDP Ethics and Data Privacy, PBU Perceived Benefit and 
Usability, PJ Perceived Justice, PT Perceived Trust



Page 12 of 15Üstün et al. BMC Psychology          (2026) 14:938 

Measurement invariance via multi-group CFA across genders
To test whether the structural validity of the developed 
scale is invariant across gender groups (male and female), 
a Multiple-Group Confirmatory Factor Analysis (MG-
CFA) was conducted. The analysis was carried out in four 
progressively constrained stages: configural invariance, 
metric invariance, structural covariance invariance, and 
strict invariance. The results obtained are presented in 
Table 8.

Upon examining Table 8, the configural invari-
ance model—testing whether the basic fac-
tor structure is the same across both gender 
groups—was first evaluated. The results indicated 
that the model demonstrated good fit to the data 
(χ2/df = 1.78, RMSEA = .047, CFI = .944, SRMR = .0635) . 
The metric invariance model, in which factor loadings were 
constrained to be equal across groups, was subsequently 
tested. The findings revealed no statistically significant 
difference between the configural and metric models 
(χ2/df = 1.78, RMSEA = .047, CFI = .944, SRMR = .0635) . 
Furthermore, the ∆CFI value for the metric model was 
below the .01 criterion (.000), and the RMSEA value 
(.046) remained stable [38]. These results indicate 
that metric invariance across gender groups has been 
established.

At the structural covariance invariance stage, the model 
demonstrated acceptable fit (∆CFI = .002, p = .162). 
The strict invariance model, however, yielded a ∆CFI of 
.010 alongside a statistically significant chi-square differ-
ence (p < .001), suggesting that while the value remains 
at the boundary of the recommended criterion, full 
strict invariance could not be unequivocally claimed. 
Given that metric invariance was firmly established 
(∆CFI = .000, p = .557), meaningful comparisons 
between gender groups remain statistically justified [39, 40].

Post-scale development implementation
Following the establishment of measurement invariance 
across gender groups, an independent sample t-test was 

conducted to evaluate whether student trust in artificial 
intelligence differs by gender. The results of this analysis 
are detailed in Table 9.

The independent samples t-test indicated that 
there was no statistically significant difference 
between male (M = 66.95, SD = 15.20) and female 
(M = 67.38, SD = 12.78) students’ total trust scores 
[t(116) = −0.166, p = .868]. The calculated effect size 
(d = −0.031) suggests that any observed difference 
between the groups is negligible. This finding is fully con-
sistent with the established metric invariance (p = .557) 
and confirms that the scale provides equivalent measure-
ment across gender groups.

To examine the relationship between student trust 
in AI and academic performance variables, a Spearman 
rho correlation analysis was performed. Specifically, the 
analysis investigated correlations with overall grade point 
average and the frequency of LMS logins. The results are 
presented in Table 10.

The analysis revealed no statistically significant rela-
tionship between AI trust levels and grade point aver-
age (r = -0.161; p = .082) or the number of LMS logins 
(r = -0.055; p = .554). These findings indicate that, in the 
present sample, trust in AI was not significantly associ-
ated with academic performance or system engagement 
frequency. While this pattern is consistent with the view 
that trust may function as a relatively independent con-
struct, the absence of significant correlations alone does 
not constitute evidence of construct distinctiveness. 
Future research employing designs that explicitly exam-
ine relationships with theoretically proximal constructs 
would provide stronger support for this interpretation.

Table 8  Measurement invariance results across genders for the five-factor model
Model χ2  (CMIN) df ∆χ2 ∆df p RMSEA CFI TLI SRMR

Configural Invariance 1631.376 916 – – – 0.047 0.944 0.933 0.0635

Metric Invariance 1645.935 932 14.559 16 0.557 0.046 0.944 0.936 0.0632

Structural Covariances 1670.046 947 38.670 31 0.162 0.046 0.942 0.936 0.0757

Strict Invariance 1736.023 971 104.647 55 0.000 0.048 0.932 0.930 0.0749

χ2  chi-square statistic, RMSEA Root Mean Square Error of Approximation, CFI Comparative Fit Index, TLI Tucker–Lewis Index, SRMR Standardized Root Mean Square 
Residual

Table 9  Independent samples t-test results for Trust by gender
Variable Group N M SD t df p Cohen’s d
Trust Male 46 66.95 15.20 -0.166 116 .868 -0.031

Female 72 67.38 12.78

Table 10  Correlation analysis results among the variables
Variable 1 2 3
1. AI trust 1

2. Grade point average -0.161 1

3. Number of LMS logins -0.055 0.255∗∗ 1
**p < .01
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Interestingly, a low but statistically significant positive 
relationship was identified between grade point aver-
age and LMS login frequency (r = .255; p = .005). While 
this indicates that high achieving students interact more 
frequently with the LMS, it also demonstrates that such 
behavioural patterns do not directly influence or deter-
mine their trust perceptions regarding AI. This reinforces 
the value of the scale in capturing a unique psychological 
dimension that is not confounded by academic perfor-
mance or system usage.

Discussion
The AI Trust Scale validated in this study provides a 
robust five factor structure that represents a signifi-
cant departure from traditional unidimensional models. 
While [9] identified four factors in educational contexts 
and others like [15] or [41] proposed three-dimensional 
frameworks for robotics and healthcare, the present 
study reveals a more nuanced latent structure. By isolat-
ing perceived justice and anthropomorphism as distinct 
factors, this scale captures the unique socio technical 
nature of generative AI that previous automation-based 
instruments often overlook [42].

A critical finding of this research is the relative diver-
gence between perceived benefit and ethical trust. 
Although participants recognized the high utility and 
functionality of AI, their scores regarding ethics and data 
privacy were notably more cautious. This discrepancy 
confirms that trust is not a linear outcome of system 
performance [1, 5]. In AI-based learning environments, 
students may perceive a tool as highly useful yet remain 
skeptical of its underlying algorithmic transparency [9]. 
This suggests that trust operates as a deep psychosocial 
evaluation rather than a simple reaction to instrumental 
effectiveness.

These results demand a critical reconsideration of 
established technology acceptance frameworks. Tradi-
tionally, the Technology Acceptance Model (TAM) and 
the Unified Theory of Acceptance and Use of Technol-
ogy (UTAUT) have prioritized performance expectancy 
and ease of use. However, the current study demonstrates 
that in the context of autonomous systems, trust serves 
as a foundational evaluative mechanism that may pre-
cede or even govern perceived usefulness. By integrating 
dimensions such as data privacy and algorithmic reliabil-
ity, this research provides empirical support for calls to 
evolve UTAUT to include trust as a central determinant 
in AI adoption.

The significance of this study lies in its provision of a 
sensitive analytical framework for educational practitio-
ners. Unlike general scales developed for human robot 
interaction [15], this instrument is tailored to the opaque 
decision-making processes of online educational AI. It 
allows institutions to move beyond monitoring mere 

usage rates and instead assess the quality of the user rela-
tionship. Identifying specific trust vulnerabilities enables 
developers to strengthen explainability and accountabil-
ity mechanisms, which are essential for transforming 
temporary usage into sustained and durable trust.

Despite these contributions, the single country con-
text and student-based sample require caution regarding 
broad generalization. Future research should employ lon-
gitudinal designs to observe how trust evolves as students 
move from initial novelty to long term AI integration. 
Furthermore, as AI governance matures, future itera-
tions of the scale should explicitly incorporate emerging 
constructs such as algorithmic explainability to maintain 
its predictive power in a rapidly shifting technological 
landscape.

Conclusion and implications
This study establishes a psychometrically validated mul-
tidimensional framework for assessing students’ trust in 
artificial intelligence. The five-factor structure, encom-
passing perceived justice, benefit and usability, perceived 
trust, ethics and data privacy, and anthropomorphism, 
offers a significant advancement over existing unidimen-
sional or automation-based tools. By validating this scale 
through rigorous exploratory and confirmatory factor 
analyses, the research confirms that trust in autonomous 
educational systems is a complex construct where func-
tional utility and normative concerns, such as algorith-
mic fairness, are deeply intertwined.

The practical implications of these findings for edu-
cational institutions are twofold. First, the scale serves 
as a diagnostic instrument for identifying specific trust 
deficits within digital learning environments. Adminis-
trators can utilize these metrics to move beyond surface 
level adoption rates and understand the underlying psy-
chosocial barriers to AI integration. Second, the findings 
provide a roadmap for AI developers to prioritize trans-
parency and ethical governance. The divergence between 
perceived benefit and ethical trust suggests that high per-
formance alone cannot sustain user acceptance. Instead, 
technical competence must be reinforced by robust data 
protection and explainability mechanisms to foster a reli-
able user experience.

From a theoretical perspective, this research challenges 
traditional technology acceptance models by positioning 
trust as a multidimensional regulator of human AI inter-
action. By integrating anthropomorphism and perceived 
justice, the scale accounts for the increasingly relational 
nature of generative AI. This provides a foundation for 
future scholars to explore how these social dimensions 
influence long term academic engagement and decision-
making processes.

All in all, as AI shifts from a passive tool to an agen-
tic participant in the classroom, so our understanding 
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of trust must evolve as well. This study underscores that 
trust is not a static state to be achieved, but a dynamic 
and fragile equilibrium between human vulnerability and 
machine autonomy. If educational institutions fail to sys-
tematically monitor and nurture this trust, they risk cre-
ating a landscape of digital alienation where the efficiency 
of AI comes at the cost of student agency and institu-
tional integrity. The proliferation of intelligent systems 
should not be measured by the sophistication of the code, 
but by the degree to which users can safely and critically 
rely on the algorithms that increasingly shape their intel-
lectual growth.

Ethical approval declarations (only required where 
applicable) Any article reporting experiment/s carried 
out on (i) live vertebrate (or higher invertebrates), (ii) 
humans or (iii) human samples must include an unam-
biguous statement within the methods section that meets 
the following requirements.

Appendix 1: AI Trust Scale Items
This appendix presents the final items of the AI Trust 
Scale used in this study.
Factor Item Statement
Perceived Justice 1 AI provides responses without bias.

Perceived Justice 2 AI adopts an objective approach 
when generating responses.

Perceived Justice 3 AI treats everyone equally when 
generating responses.

Perceived Benefit and 
Usability

4 AI provides recommendations that 
support my decision-making.

Perceived Benefit and 
Usability

5 I believe that AI has the functions I 
need.

Perceived Benefit and 
Usability

6 The responses provided by AI meet 
my needs.

Perceived Benefit and 
Usability

7 AI assists me when I need it.

Perceived Benefit and 
Usability

8 I believe that I can use AI effectively.

Perceived Benefit and 
Usability

9 I use AI tools to personalize my learn-
ing process.

Perceived Benefit and 
Usability

10 I enjoy using AI.

Perceived Trust 11 The services offered by AI have a low 
error rate.

Perceived Trust 12 The recommendations provided by 
AI constitute a reliable basis for my 
decision-making.

Perceived Trust 13 I trust the responses generated by AI.

Perceived Trust 14 The responses provided by AI are 
consistent.

Ethics and Data 
Privacy

15 The data used by AI create privacy 
concerns for me.

Ethics and Data 
Privacy

16 AI acts in accordance with ethical 
principles.

Ethics and Data 
Privacy

17 AI avoids misusing user data.

Factor Item Statement
Anthropomorphism 18 Interacting with AI provides a human-

like experience.

Anthropomorphism 19 AI uses human-like humor in its 
responses.

Anthropomorphism 20 AI employs an empathetic tone in its 
responses.

Anthropomorphism 21 AI possesses human-like qualities 
such as politeness and understanding.

Appendix 1 presents the final items of the AI Trust Scale used in this study.
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